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INVENTORY EARLY WARNING AGENT 
WITH CORRECTION BY ERROR 
CORRELATION CALCULATION 

RELATED APPLICATIONS 

This application claims priority based on U.S. Provisional 
Application Ser. No. 60/336,227, filed Nov. 14, 2001, for 
SCM Supply Network Planning, and U.S. Provisional Appli 
cation Ser. No. 60/384,638, filed May 31, 2002, for Inven 
tory Early Warning Agent, the disclosures of which appli 
cations are incorporated here by reference in their entirety. 

TECHNICAL FIELD 

This invention relates to agents, and more particularly to 
an inventory early warning agent used in a Supply chain 
management System. 

BACKGROUND 

Today's companies need to adapt to many competitive 
pressures. For example, financial markets are increasingly 
demanding that companies use capital more efficiently; other 
businesses are seeking global playing fields to maintain 
growth and diversify risk; customers are demanding service 
as markets of one and forcing companies toward mass 
customization; and innovation cycles are continually accel 
erating. 

These pressures on businesses are driving changes that 
have enormous implications for Supply networks. For some 
companies, shrinking capital availability is forcing compa 
nies to streamline manufacturing and Supply operations and 
build efficiencies, which are critical to the supply network. 
For other companies, information ubiquity is driving and 
facilitating globalization, which shrinks distances to markets 
and resources. The information ubiquity also requires levels 
of supply network visibility and collaboration that were not 
essential in traditional Supply chains. Customers are armed 
with information about the real value of products, which is 
shrinking customer loyalty and requiring customer-Service 
levels too expensive for companies that are unable to 
manage Supply chain efficiencies. Finally, shrinkages in the 
time available to build and launch products are forcing 
companies to innovate at Velocities far greater than before. 

Ultimately, competitive pressures push profit margins 
lower. Product manufacturers must find ways to improve 
efficiency, thereby reducing costs, to Survive in highly 
competitive markets. Supply chain efficiency plays a key 
role in improving margins and can be a determining factor 
in the Success of manufacturers. 
A supply chain is a network of facilities and distribution 

options that performs the functions of procuring materials, 
transforming the materials into semi-finished and finished 
products, and distributing the finished products to custom 
ers. Supply chain management (SCM) is a business policy 
that aims to improve all activities along the Supply chain. 
SCM results in improved integration and visibility within 
individual companies, as well as flexibility across Supply 
and demand environments. As a result, a company’s com 
petitive position is greatly enhanced by building Supply 
networks that are more responsive than the current sequen 
tial Supply chains. 
SAP AG and SAP America, Inc. provide SCM solutions 

for product manufacturers to help them reach their goals. 
Some of the SCM solutions are based on the mySAP.com 
e-business platform. One of the building blocks of the 

10 

15 

25 

30 

35 

40 

45 

50 

55 

60 

65 

2 
e-business platform is the SAP R/3 component that provides 
enterprise resource planning functionality. The SAP R/3 
product includes a Web Application Server (“Web AS”), an 
R/3 core, and various R/3 extensions. The SCM Extensions 
of R/3 provide various planning, coordination, execution, 
and optimization solutions that are associated with a Supply 
chain. 

SUMMARY 

In one general aspect, an inventory agent operating on 
Software includes instructions operable to cause a program 
mable processor to receive inventory data relating to stock 
in an inventory. The inventory data includes planned inven 
tory data and actual inventory data. The instructions are 
operable to cause the programmable processor to use the 
inventory data to calculate one or more correlations in errors 
between the planned inventory data and the actual inventory 
data, use the one or more correlations in errors to estimate 
a probability density for one or more errors, calculate a 
predicted inventory level, calculate a likely error of the 
predicted inventory level using the estimate of the probabil 
ity density, and adjust the predicted inventory level with the 
likely error to estimate a likely actual inventory level. 

Embodiments of the inventory agent may include one or 
more of the following features. For example, the inventory 
agent may further include instructions for defining confi 
dence intervals around the likely actual inventory level. The 
confidence intervals may include a high bound and a low 
bound. The probability density may be the midpoint of the 
confidence intervals. 
The inventory agent may be implemented in a supply 

chain management system. The inventory agent may further 
include instructions to calculate an upside 10% confidence 
bound and a downside 10% confidence bound. The inven 
tory agent may still further include instructions to use the 
calculated upside 10% confidence bound and the downside 
10% confidence bound in determining whether to order 
additional stock for the inventory. 
The instructions to calculate a predicted inventory level 

may further include processing the inventory data with a 
conditional probabilistic predictive statistical algorithm. The 
statistical algorithm may use a conditional probabilistic 
model to process the data. The conditional probabilistic 
model may use a conditional Gaussian approximation. The 
conditional probabilistic model may use historical inventory 
data and current inventory data. The inventory data applied 
to the conditional probabilistic predictive statistical algo 
rithm may include actual cumulative replenishment, forecast 
cumulative replenishment, actual cumulative consumption, 
and forecast cumulative consumption data. 
The inventory agent may further include instructions for 

using the likely actual inventory level to determine whether 
to order additional stock for inventory. The inventory agent 
may further include instructions operable to cause the inven 
tory agent to order a replenishment of the inventory. 
The inventory data may be generated using a radio 

frequency identification device, upon the sale of the stock in 
the inventory, and/or upon the transfer of the stock in the 
inventory. 
The inventory agent may further include instructions 

operable to record data related to inventory consumption and 
replenishment. The inventory agent may still further include 
instructions operable to use the recorded data to calculate 
cumulative forecast consumption, cumulative forecast 
replenishment, cumulative actual consumption, and cumu 
lative actual replenishment. The inventory agent may still 



US 7,222,786 B2 
3 

further include instructions operable to use the recorded data 
to calculate a second planned inventory and a second actual 
inventory. The inventory agent may further include instruc 
tions operable to use the inventory data to calculate one or 
more correlations in errors between the second planned 
inventory data and the second actual inventory data; and use 
the one or more correlations in errors to estimate a second 
probability density for one or more errors. 
The inventory agent may still further include instructions 

operable to use the inventory data with the calculated 
cumulative forecast consumption, cumulative forecast 
replenishment, cumulative actual consumption, and cumu 
lative actual replenishment to calculate a second predicted 
inventory level, calculate a second predicted inventory level, 
calculate a likely error of the second predicted inventory 
level using the estimate of the probability density, and adjust 
the second predicted inventory level with the likely error to 
estimate a second likely actual inventory level. 
The instructions to calculate a second predicted inventory 

level further include instructions for processing the inven 
tory data with a conditional probabilistic predictive statisti 
cal algorithm. The statistical algorithm may use a condi 
tional probabilistic model to process the data. 

In another general aspect, a system includes one or more 
computer systems and an inventory agent computer coupled 
to the computer systems over a network. The inventory 
agent computer is operable to receive inventory data relating 
to stock in an inventory. The data includes planned inventory 
data and actual inventory data. The inventory agent com 
puter is operable to use the inventory data to calculate one 
or more correlations in errors between the planned inventory 
data and the actual inventory data; use the one or more 
correlations to estimate a probability density for one or more 
errors; calculate a predicted inventory level; calculate a 
likely error of the predicted inventory level using the esti 
mate of the probability density; and adjust the predicted 
inventory level with the likely error to estimate a likely 
actual inventory level. 

Embodiments of the system may include one or more of 
the following features. For example, the system may further 
include instructions for defining confidence intervals around 
the likely actual inventory level. The confidence intervals 
may include a high bound and a low bound. The probability 
density may be the midpoint of the confidence intervals. 
The system may be implemented in a Supply chain 

management system. The inventory agent computer may 
further include instructions to calculate an upside 10% 
confidence bound and a downside 10% confidence bound. 
The inventory agent computer may still further include 
instructions to use the calculated upside 10% confidence 
bound and the downside 10% confidence bound in deter 
mining whether to order additional stock for the inventory. 
The instructions to calculate a predicted inventory level 

may further include processing the inventory data with a 
conditional probabilistic predictive statistical algorithm. The 
statistical algorithm may use a conditional probabilistic 
model to process the data. The conditional probabilistic 
model may use a conditional Gaussian approximation. The 
conditional probabilistic model may use historical inventory 
data and current inventory data. The inventory data applied 
to the conditional probabilistic predictive statistical algo 
rithm may include actual cumulative replenishment, forecast 
cumulative replenishment, actual cumulative consumption, 
and forecast cumulative consumption data. 
The inventory agent computer may further include 

instructions for using the likely actual inventory level to 
determine whether to order additional stock for inventory. 
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4 
The inventory agent computer may further include instruc 
tions operable to cause the inventory agent computer to 
order a replenishment of the inventory. 
The inventory data may be generated using a radio 

frequency identification device, upon the sale of the stock in 
the inventory, and/or upon the transfer of the stock in the 
inventory. 
The inventory agent computer may further include 

instructions operable to record data related to inventory 
consumption and replenishment. The inventory agent com 
puter may still further include instructions operable to use 
the recorded data to calculate cumulative forecast consump 
tion, cumulative forecast replenishment, cumulative actual 
consumption, and cumulative actual replenishment. The 
inventory agent computer may still further include instruc 
tions operable to use the recorded data to calculate a second 
planned inventory and a second actual inventory. The inven 
tory agent computer may further include instructions oper 
able to use the inventory data to calculate one or more 
correlations in errors between the second planned inventory 
data and the second actual inventory data; and use the one 
or more correlations in errors to estimate a second probabil 
ity density for one or more errors. 
The inventory agent computer may still further include 

instructions operable to use the inventory data with the 
calculated cumulative forecast consumption, cumulative 
forecast replenishment, cumulative actual consumption, and 
cumulative actual replenishment to calculate a second pre 
dicted inventory level, calculate a second predicted inven 
tory level, calculate a likely error of the second predicted 
inventory level using the estimate of the probability density, 
and adjust the second predicted inventory level with the 
likely error to estimate a second likely actual inventory 
level. 

The instructions to calculate a second predicted inventory 
level further include instructions for processing the inven 
tory data with a conditional probabilistic predictive statisti 
cal algorithm. The statistical algorithm may use a condi 
tional probabilistic model to process the data. 
The details of one or more embodiments of the invention 

are set forth in the accompanying drawings and the descrip 
tion below. Other features, objects, and advantages of the 
invention will be apparent from the description, the draw 
ings, and the claims. 

DESCRIPTION OF DRAWINGS 

FIG. 1 is a plan view of an inventory early warning agent 
application to a shelf level monitoring system. 

FIG. 2 is a plan view of an agent framework architecture 
that includes three agents. 

FIG. 3 is a plan view of a directory service of an agent 
community that includes three agent frameworks. 

FIG. 4 is a plan view of the messaging architecture of the 
agent community of FIG. 3. 

FIG. 5 is a plan view of a communication sequence 
between a pair of agents. 

FIG. 6 is a graph illustrating cumulative inventory vari 
ables over time. 

FIG. 7 is a flow chart illustrating the operation of an IEWA 
to predict an inventory level. 

Like reference symbols in the various drawings indicate 
like elements. 
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DETAILED DESCRIPTION 

An agent is an active program that performs some high 
level business functions, such as monitoring the inventory 
for a particular SKU for potential stock out situations and 
sending alerts when various thresholds are reached. For 
example, an agent can be programmed as an inventory early 
warning agent (“IEWA’) that monitors one or more inven 
tories in a factory, warehouse, Store, or shelf within a store. 
The IEWA is programmed to monitor the inventory based on 
real time data that is obtained, for example, from cash 
registers or radio-frequency identification devices that scan 
information relating to an item being purchased or trans 
ferred and use that information to update the IEWA as to the 
level of stock on a particular shelf. 
As described in more detail below, the IEWA is a predic 

tive and adaptive inventory management application that can 
be used to monitor and predict future inventory levels by 
modeling variability in both demand and Supply related 
Supply chain activities. The IEWA uses learning techniques 
that can estimate potential variation in inventory levels in 
the near future in order to identify potentially risky situa 
tions early enough to allow for corrective measures. To 
provide increased effectiveness the IEWA is operated with 
minimal human intervention, parameter adjustment, and 
manual calibration. These characteristics are achieved with 
machine-learning techniques to recognize patterns of behav 
ior from historical data around consumption and replenish 
ment and around the performance of resources and Supply 
chain partners. The IEWA can use two types of modes of 
operation for its predictive function: in a first mode use the 
IEWA predictive models built from detailed activities; and in 
a second mode use the IEWA predictive models built from 
the aggregation of multiple activities. 

In the detailed mode of operation, potential variation in 
inventory is estimated for each planned replenishment or 
consumption activity. For example, given historical perfor 
mance data, the IEWA estimates whether a planned truck 
load of 12 ounce bottles of Bob's bottles will arrive any time 
within four hours prior to and six hours after the planned 
delivery time with a quantity that is between 95% and 100% 
of the requested quantity. A second stage of processing then 
combines the estimates of potential variation for individual 
activities into an estimate of the potential variation of the 
projected inventory levels. 

In the aggregate mode of operation, potential variation of 
the projected inventory level is estimated directly from 
projected cumulative replenishment and consumption. This 
estimate is calculated as the aggregation of replenishment 
and consumption activities. 

Both modes of operation provide advantages. For 
example, the detailed mode of operation is advantageous 
when low volumes of detailed data are available and when 
the degree of variation in activities is highly dependent on 
the particular resource or partner involved. The aggregate 
mode of operation is advantageous when it is necessary to 
deal with high volumes of data, or when it is difficult to track 
the outcome of any particular planned activity. Although 
either mode of operation can be applied to the IEWA, only 
the aggregate model is discussed in detail below. 

Referring to FIG. 1, a store 100 may want to have a 
minimum quantity of items 105 on a shelf 110 at any 
particular time such that the shelf can be stored with as large 
a variety of items as possible. For example, by limiting the 
quantity of a particular brand of tomato Soup on a shelf at 
any particular time, a grocery store can display more brands 
of tomato Soup on that shelf. To accomplish this type of 

5 

10 

15 

25 

30 

35 

40 

45 

50 

55 

60 

65 

6 
shelving scenario, the store must carefully monitor the 
amount of stock on the shelf on a real time basis to prevent 
the shelf from emptying out. Currently, many stores use their 
employees to visually monitor empty space on the shelf and 
replenish the shelf when it looks empty. This is labor 
intensive and inexact. As illustrated in FIG. 1, the IEWA 115 
receives shelf quantity data from a shelf-monitoring pro 
gram 120 that, for example, monitors the quantity of a 
particular SKU number on the shelf. When an item 105 is 
scanned at the cash register, a database that contains the 
shelf location of the item is accessed and the program 
reduces the number of items on that shelf 110 by the number 
of items being purchased at that time. The IEWA 115 then 
uses algorithms to determine whether there is likely to be an 
undesirable variation in inventory and, if there will be one, 
when to send an order to replenish the shelf 110 with items 
of that particular SKU. When the quantity of items 105 on 
the shelf 110 reaches a certain level, the IEWA 115 sends a 
message to a planning module 125 along a first message path 
130. The planning module 125 then sends return messages 
to the IEWA 115 along the first message path 130 and to the 
shelf-monitoring program 120 along a second message path 
135. The shelf-monitoring program 120 then sends a return 
message to the planning module 125 along the second 
message path 135. The planning module 120 next sends a 
message to an execution module 140 along a message path 
145. The planning module 125 and the execution module 
140 may be components within a Supply chain management 
application 150 or may be separate stand-alone components. 
After receiving the message from the planning module 125. 
the execution module 140 sends a first message to a manu 
facturing facility 155 along a message path 160 and a second 
message to a distributions center 165 along a message path 
170. Based on this series of messages, the store is able to 
replenish its shelf with the item 105. 
The IEWA 115 also can be used when the shelf is 

replenished. For example, when the shelf 105 is replenished, 
the shelf-monitoring program 120 sends a message to the 
execution module 140 along the message path 135, which 
sends a message to the distribution center 165 along the 
message path 170. These messages are used to update the 
distribution center of the amount of stock on the shelf 105. 
The distribution center can use the same IEWA or a separate 
IEWA to apply predictive models to the distribution center 
to estimate whether and when there will be an undesirable 
variation in inventory levels. 
At another level, a store can use an IEWA to monitor the 

levels of an item on the shelf and in the inventory for one or 
more items to estimate potential undesirable variations in 
inventory levels. When items are sold, for example, by being 
scanned at a cash register, the IEWA takes that sales data and 
uses algorithms to determine whether there will be an 
undesirable variation in the inventory levels and when to 
send an order to replenish the shelf and/or order more of that 
item from a warehouse or distribution center. 
At an even higher level, a warehouse or distribution center 

can use an IEWA to monitor the levels of an item within the 
warehouse, such as on shelves, on pallets, in quarantine, or 
at another location within the warehouse, to determine 
whether there will be an undesirable variation in the inven 
tory levels and when to send an order to replenish. Custom 
ers of the warehouse, such as a retailer or a factory, order the 
item from the warehouse. For example, a consumer product 
goods (“CPG') retailer may order a pallet load of an item 
which the warehouse operator loads onto a delivery truck of 
either the warehouse, the retailer, or a third party logistics 
supplier. When the pallet is loaded on the truck, the ware 
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house operator may use a wireless communications device 
to notify the inventory management Software that a pallet 
load of a particular item has been transferred from the 
warehouse. Either the wireless communications device or 
the inventory management software may be programmed to 
notify the IEWA that a pallet-load of the particular item has 
been transferred from the warehouse. The IEWA takes that 
transfer data and analyzes it using algorithms to determine 
whether there is likely to be an undesirable variation in 
inventory levels and when to order addition stock of that 
item. One example of a framework of the IEWAS, an 
example of a messaging system used by the IEWAS, and the 
algorithms used by the IEWAs are described in more detail 
below. 

Referring to FIG. 2, an agent framework architecture 200 
includes three agents 205, 210, 215, each of which commu 
nicates with an agent framework 217 that provides frame 
works services: a message transport service (“MTS”) 220, a 
directory facilitator (“DF) 225, an agent management ser 
vice 230 (“AMS), and a Post Office 235. The agents 205, 
210, 215 may be IEWAs. The agent framework refers to the 
container that provides programmatic Support for agents. In 
this context, an agent framework can be implemented in 
Java code that runs in a single virtual machine on a particular 
host. Additional services are used to support the agents 
running inside the framework. These additional services 
include life cycle management, directory services, commu 
nication, configuration, logging, persistence, and notifica 
tion. 

The MTS 220 is a service that is provided by a particular 
agent framework and allows agents to send messages, such 
as an AclMessage, to other agents. An AclMessage encap 
Sulates a communication between two agents and has some 
characteristics in common with an email message. Such as, 
for example, specifying a sender and recipient, having a 
Subject, and providing message content. 
The DF 225 is a service provided by a particular agent 

framework and provides the frameworks agents with access 
to the central directory service. The directory service is a 
central service that provides identity (white page) and capa 
bility (yellow page) search facilities across an agent com 
munity. There is one directory service for one agent com 
munity. A directory service might be federated with the 
directory service for another agent community. An agent 
community is a collection of agent frameworks (and there 
fore agents) that collaborate to provide various business 
functions. A community may consist of several agent frame 
works, and each framework may in turn contain several 
agents. 
The AMS 230 is a service provided by a particular agent 

framework and provides agent lifecycle management facili 
ties within the framework. The facilities allow remote man 
agement of a community of agent frameworks by essentially 
providing an external interface to the AMS in each agent 
framework. For example, the AMS allows administrators 
and control agents to manage the execution of other agents 
by stopping, starting and Suspending agents. The agent 
framework architecture 200 also includes an administrative 
user interface (“AUI) that allows a system administrator to 
manage an agent community. The AUI uses the directory 
service to identify currently running agent frameworks. It 
then uses each framework's AMS to manage the agents 
within that framework. 

The post office 235 is a service provided by a particular 
agent framework. The post office 235 receives and maintains 
AclMessages addressed to the agents within that framework. 
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8 
FIG. 3 illustrates the directory service 240 of an agent 

community 245 that includes three agent frameworks 217a, 
217b, 217c, each of which runs on a separate host machine. 
The directory service 240 is a centralized service that is used 
to unify the agent community 245. The service can be 
implemented using the Java Naming and Directory Interface 
(“JDNI). FIG. 3 shows only three agent frameworks 217a, 
217b, 217c and, for simplicity, each agent framework con 
tains only a single agent 205a, 205b, 205c, respectively. 
Nonetheless, the directory service can be implemented with 
more agent frameworks and each agent framework can 
include more agents. 
The directory facilitator 225 (“DF) in each agent frame 

work 217 updates the directory service 240, registering new 
agents as they are started up and deregistering agents as they 
are shut down. The directory service 240 then allows agents 
to search for other agents, both by identity (e.g., using a 
service that is analogous to a white page service) and 
capability (e.g., using a service that is analogous to a yellow 
page service). The DF 225 provides access to this function 
ality within each agent framework 217. 

FIG. 4 illustrates the messaging architecture of the agent 
community 245. If the agent 205a requires the type of 
service provided by the agent 205b, it uses its DF function 
225a to perform a capability directory lookup. The DF 225a 
informs the agent 205a that the agent 205b is capable of the 
type of service that it desires. The agent 205a then formu 
lates an AclMessage and asks its local MTS 220a to deliver 
that message. The MTS 220a uses the DF 225a to locate the 
Post Office 235b for the agent 205b, and delivers the 
message to that Post Office 235b. The messaging architec 
ture can be implemented using Java's Remote Method 
Invocation (“RMI) to deliver the message to the Post Office 
235b. By providing flexibility in the design of the frame 
work 217, the architecture can be implemented using other 
message transport mechanisms in the MTS, such as SOAP. 
JMS, CORBA, and JINI. 

FIG. 5 illustrates a communication sequence for a typical 
communication scenario 300 that is indicative of the type of 
interactions that occur within the agent community 245. For 
example, the agent 205a can be implemented as an inventory 
early warning agent that is used to monitor the level of 
inventory on a shelf or within a store or awarehouse, process 
the inventory information, determine whether to replenish 
the inventory, and communicate a request to replenish the 
inventory. The agent 205a can receive inventory data from, 
for example, a computer system that receives sales data from 
a cash register scanning system. The agent 205a accumu 
lates the sales data and processes the data continuously, 
periodically, or in a batch mode. As described in greater 
detail below, the agent 205a also must analyze the data and 
determine whether to request a replenishment of the inven 
tory. The analysis can be as simple as a comparison of the 
amount of stock remaining to a threshold value or as 
complex as a statistical analysis of the likelihood that the 
stock will be emptied if the stock is not replenished within 
a set time. The scenario of FIG. 5 assumes that the agent 
205a has determined that additional stock is required and 
will contact the agent 205b to deliver a replenishment 
request in a message. The agent 205b can be, for example, 
an agent used at a manufacturer or warehouse to commu 
nicate inventory levels to agents at Stores that are served by 
the manufacturer or warehouse. 

In the scenario of FIG. 5, the agent 205a wishes to send 
a message to agent 205b. The diagram shows the sequence 
of messages between participating objects to accomplish this 
scenario. First the agent 205a invokes a search Directory 
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method 305, which is processed by the DF 205 and the result 
is returned to the agent 205a in a message 307. The agent 
205a creates an AclMessage 310, retrieves the identification 
of agent 205b from the search result, sets the identification 
in the message’s recipient field, and invokes a send AclM 
essage 310. The send AclMessage 310 is processed by the 
message transport service 220a (“MTS”), which communi 
cates with the DF 225a in a findPostOffice communication 
315 to find the Post Office address 320 for the agent 205b. 
The Post Office address 320 is communicated to the MTS 
220a, which then delivers a message 325 to that Post Office 
235b. The agent 205b queries the Post Office 235b in a query 
327 and then uses a retrieval 329 to retrieve the message 
from the Post Office 235b for processing. The Post Office 
235b also sends an acknowledgement communication 330 to 
the MTS 220a, which sends a communication 335 to the 
agent 205a. Like the agent 205a, the agent 205b can use an 
analytical method to determine whether to tell either the 
manufacturer to build more product or the warehouse to ship 
more product. 
As described briefly above, the agents 205 may perform 

analysis of the inventory data that they receive to determine 
if there is likely to be a potential variation in inventory levels 
and, if so, when to request a replenishment of the inventory 
from a warehouse or the production of goods by a manu 
facturer to replenish the inventory in a warehouse or at a 
store. The analysis may be a simple process involving the 
comparison of inventory on the shelf or in a warehouse to a 
threshold value. If the inventory level is above the threshold 
value, the agent does not request replenishment but if the 
inventory level is at or below the threshold value the agent 
requests replenishment. Such an analysis does not take into 
account the likelihood that the stock on the shelf or in the 
warehouse will be sold quickly or slowly or that there may 
be some variability in the rate at which the stock is sold. 
Moreover, Such an analysis does not take into account the 
likelihood that the warehouse or manufacturer will have 
Sufficient stock on hand to Supply the store, much less the 
likelihood that the warehouse or manufacturer can make a 
timely delivery. To ensure that the store, warehouse, or 
manufacturer has adequate quantities of Stock to meet its 
needs while also minimizing excessive inventory levels, the 
agent 205 uses a conditional probabilistic predictive statis 
tical analysis to predict an expected inventory level, an 
upside confidence bound, and a downside confidence bound. 
For many companies, an expected inventory level that is 
near or below zero is undesirable. The company can deter 
mine the minimum low level, compare the expected inven 
tory level to the company’s minimum low level, and order 
more stock if these expected levels are below the minimum 
low level. 

Referring to FIG. 6, the input data for the conditional 
probabilistic predictive statistical analysis is forecast cumu 
lative consumption, forecast cumulative replenishment, 
actual cumulative consumption, and actual cumulative 
replenishment. FIG. 6 illustrates these values over time. In 
particular, the input data for the analysis includes a time 
advance, an actual cumulative replenishment, a forecast 
cumulative replenishment, an actual cumulative consump 
tion, and a forecast cumulative consumption. The time 
advance variable is the setting describing how far in advance 
the prediction is intended. For example, a company con 
cerned about its inventory levels for the next week would set 
the time advance to be seven days into the future. The actual 
cumulative replenishment variable describes the total 
amount of new material actually received into inventory up 
until the time advance is reached. The forecast cumulative 
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10 
replenishment describes the total amount of new material 
activities expected to be received into inventory up until the 
time advance is reached. The actual cumulative consump 
tion describes the total amount of material actually with 
drawn from inventory up until the time advance is reached. 
The forecast cumulative consumption describes the total 
amount of material expected to be withdrawn from inven 
tory up until the time advance is reached. Of the predicted 
output values, the expected inventory level is the expected 
inventory level for the given time advance. The upside 10% 
confidence bound is the inventory value that the inventory 
level has a 10% chance of exceeding. The downside 10% 
confidence bound is the inventory value that the inventory 
level has a 10% chance of being below. 
Any suitable statistical method can be used to determine 

the inventory level and confidence bounds. For example, the 
statistical analysis used by the agent 205 can be imple 
mented with a predictive statistical model that can predict 
the variability at any point along the planned inventory 
trajectory, can be started with very little historical inventory 
data, and that improves as the data is generated over time. 
The plot of planned and actual inventory trajectories illus 
trated in FIG. 6 creates a number of records for training the 
predictive model: one for each time point in the plot. As 
Such, Such a dataset will only be complete when the data has 
been actually generated right up until the end of the plot. 
One such statistical model that can be used is a probabi 

listic inference model based on a conditional Gaussian 
approximation. This model, its derivation, and its applica 
tion to the inventory early warning agent are explained in 
more detail below. 
To derive the model used for explanation purposes, there 

is an assumption of a known, planned forecast for inventory 
levels over time. The planned forecast is a piecewise con 
stant function specified by its breakpoints. As illustrated in 
FIG. 6, the historical data is a record of planned and actual 
inventory levels over time. This data is generated as follows. 
Initially, at any given point in time, for example, day one, 
there is a forecast for consumption and replenishment for the 
next t time periods and thus a forecast for the actual 
inventory levels out to time t. Along with this predicted 
consumption there is assumed to be a planned replenishment 
resulting in planned inventory levels out t time periods into 
the future. The next day a new forecast is generated for 
consumption and replenishment out to time T-1 resulting in 
another planned inventory. Using this historical data, D, the 
model is based on determining the density P(IID), where I is 
the vector of actual inventory levels at q predefined times 
I(t) K I(t) in the future. 
To actually develop a prediction algorithm, assume that 

inventory level plans are generated in regular fixed intervals, 
A (e.g., every day at midnight), and set the origin of time to 
be the time at which there is the earliest historical plan in the 
dataset. This origin of time may be recent and provide a very 
limited number of data points. Thus, plans are generated at 
times nA for n 6Z", where n is the index of the most recent 
planning period. Further, assume that all plans are generated 
out to a horizon of t(>A) and indicate the inventory levels of 
plans generated at time na by If(nA+8), where Osost is a 
continuous quantity. Because plans are generated at mid 
night, 8-0 in the future. This inventory plan is piecewise 
constant and specified by its breakpoints (If(b),ö, (b)) for 
8, P(b)20 and be 1.K.B., where B P is the number of 
breakpoints defining the nth plan. For conciseness define 
If() and 8, () to be the Bf vectors with components 
If(b)K If(BF) and 6P(b)K 8, (B.P). Furthermore, 

let I' (t) be the actual inventory at time to 0. The inventory 
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is not measured at all times, but can be interpolated from a 
piecewise constant function. The breakpoints defining the 
actual inventory are given by (I'(b), t'(b)) for b61.B' 
where B' is the number of breakpoints defining the actual 
inventory and all t0b)20. I'(-) and t'()S are the B" vectors 
II (b)K I*(B) and It" (b)K t” (B), respectively. 
Based on the definitions above, for any time t there are a 

number of plans that predict the inventory at that time. For 
example, the most recent plan was formed at st/A and the 
oldest plan was generated at SL(t-t')/A where s-quantity of 
stock ordered at the beginning of the period t. If t ma+8 
with Osost the most recent plan was formed at 
s(m,ö)=m+8/A and the oldest plan was formed at 
S(m,ö)-m-(T-6)/A where m the model stock quantity, 
e.g., the company-specified desirable amount of stock on the 
shelf or in the warehouse. The number of plans forecasting 
any particular time is always T?A but the number of plans 
generated for time ma+ö at or before ma is s(ö)=(T-6)/A. 

Based on the above notation it is straightforward to 
develop or build the model and specify the data from which 
to build the model. Specifically, if n is the index of the most 
recent planning period, the times at which the model must 
predict the inventory levels are given by tenA-8. By 
defining the q vector Ö=6 .K.87., the model can be used to 
determine P(Iln,8.I.(1),6(1), I'(), t' ()), where I(-1)= 
IP()L If() and 6(1)–6 ()L &f(). To understand 
how the algorithm works it is helpful to understand how 
order streams are converted to the inventory levels that serve 
as the input to the aggregate predictor. Since the algorithm 
works entirely with inventory levels (whether planned or 
actual), consumption and replenishment order streams need 
to be converted into inventory levels. Conceptually, this is 
straightforward: replenishment orders increase the inventory 
while consumption orders decrease inventory. The only 
complication is that consumption and replenishment are 
only measured at certain times Such that there is not data 
describing what happened to the inventory between those 
times at which the inventory was measured. Additionally, 
the times at which the measurements are taken may be 
irregularly spaced. Both of these problems are easily solved 
with a model of inventory levels between measurements. 

The model of inventory levels is based on scenarios to 
which the inventory is actually subjected. As such, there are 
a variety of occurrences that might happen to the inventory 
levels between measurements. The simplest case is that the 
inventory was unchanging between measurements. This is 
termed the piecewise constant case since it is possible to 
interpolate inventory levels between measurements by using 
a piecewise constant function. Alternatively, if successive 
inventories are measured as (I, t) and (I, t) it is possible 
to linearly interpolate the inventory level at time t (where 
tistst) as I(t)=I+(I-I) (t-t)f(t-t'). The model is based 
on the assumption of a piecewise constant rather than 
piecewise linear interpolation, although either choice or 
other interpolation mechanism is acceptable for data prepa 
ration since the algorithm is independent as to the choice. All 
the algorithm requires is that the inventory levels be mea 
Sured at equally spaced intervals, A, and this can always be 
accomplished by interpolation by either method. 
The particular approach used with the IEWA uses the 

essential idea of exploiting correlations in errors between 
planned inventories and the actual inventories themselves. 
These correlations are used to estimate a probability density 
for a number of errors and then condition this density on the 
available data at the time a prediction needs to be made to 
find the likely errors at the time of prediction. The most 
likely correction to the planned inventory can then be 
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12 
applied to estimate the most likely actual inventory. The full 
probability can be used to define confidence intervals around 
this most likely prediction. Examples of correlations in 
errors include seasonal errors in inventory, Such as season 
changes in inventory related to holidays or other seasonal 
eVentS. 

The estimation of the actual inventories uses an estima 
tion of the systematic errors made in the planning process. 
Consequently, the model uses an error function defined so 
that I' (t)=If(t-nA)+f(t-nA) where nA is the time at which 
the plan was generated and which must satisfy t-nast. For 
prediction into the future the model needs only an estimate 
off,(t) since I(nA+8)-I" (nA+8)-I,((n-m)A+8)+f,((n- 
m)A+8) for all q choices of 8. In the model, f, is defined as 
f f(nA+8)L f(nA+8)., the vector of errors made by 
the nth plan as it forecasts the future. Knowing the prob 
ability density forf, is all that is needed since the density for 
I simply shifts the mean. 
The next step is to estimate P(f) given the historical data 

by exploiting two types of correlations that likely exist in the 
data. First, the elements off, are likely correlated because if 
inventory is high (or low) at time na+ö then it is also likely 
to be high (or low) at the later time na+6. So long as Ö is 
not much greater than 6. Moreover, it is reasonable to 
assume that the plans formed at Subsequent planning periods 
will be correlated since the more recent plan is probably an 
update of an older plan. To capture such relationships in the 
historical data, the algorithm uses a model of the joint 
density P(ff.L. f.). A reasonable choice of p is pT, 
although a good choice of p is that value determined by an 
autoregression algorithm. A Suitable model for the joint 
density is that of a Gaussian joint density, as follows: 

1 

V (2ity Prix det) 
(0.1) 

where f is the vector of length (p+1)q given byff,"f L 
f-I. As described in more detail below, this Gaussian 
model can be used for predicting inventory levels and 
calculating the mean and covariance. 

If predicting forward from time na, P(f) gives the 
distribution over the possibilities from which it is possible to 
infer expected values and confidence intervals. In general, 
this is obtained from P(f) by marginalizing over the previ 
ous errors f, L. f. However, the inventory situation is 
not this simple because it is desirable to condition the 
estimate on previously observed errors and not simply use a 
static estimate. In addition, many of the elements of the 
previous errors f are for times greater than na and con 
sequently are unknown for the purposes of prediction. The 
unknown elements from f. are those for which (n-i)A+ 
Ö>nA or more simply those for which ÖaiA. 
As a solution, define 
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where f ={f 18, siA} and 

f = {f- do > iA). 

The density that then must be determined from P(f) is 
P(ff.L.f), which is easily determined by integra 
tion and an application of Bayes rule. 

The first step is integrating to determine P(ff, L.f. 
p), as illustrated below: 

L.f., of p) (0.2) 

where P(t,f, i.f.-L.f.a.?.l.) is given by Eq. (0.1). 
The integration results in another Gaussian distribution with 
mean u and covariance X. If N is a subset of {1.2.L. 
(p+1)q} giving the indices in f, off.L.f., and N={1, 
2.L. (p+1)q}\N, then 

us-(Na) and Xs=X(Na Na). (0.3) 

The notation a(N) indicates the IN-vector formed from 
a by keeping the elements in the ordered index set N. The 
elements are ordered according to the order in N. Similarly 
A(NN) is the NixN matrix formed from A by keeping 
the rows in N, and the columns in N in their respective 
orders. This description uses the common notation that ISI 
gives the number of elements in the set or vector S. 

Applying Bayes rule results in 

A standard calculation yields this conditional probability as 
Gaussian having mean and covariance given by 

pu(f) = u + 2),"(?)" - u2) and Of") = 1 - 12). (0.4) 

wheref, (C) L(f)''. The above formula assumes 
that X is invertible. In many situations this may not be the 
case (e.g., if the planned and actual activities are always in 
complete agreement). As such, Eq. (0.4) is modified to be: 

where I is the identity matrix having the same size as X and 
is a small positive quantity (e.g. 10). In Eq. (0.5) the LL 

vectors are given by 
Liu (N), 1-1 (N2) (0.6) 

and the X matrices are defined by 
SIS (NN), X12-y(NN), X.2.1-X(N.N.), and 

X=X. (N.N.) (0.7) 

where the index sets are N=1.2.L.q} and N-q+1.q+2.L. 
f+q}. 

Using the above results, the complete algorithm can be 
used to make the prediction as follows: (1) assuming a value 
of p (or having the algorithm determine p), construct an 
estimate of land X from the historical data; (2) construct the 
index set N and form u and X from u and X according 
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14 
to Eq. (0.3); (3) using historical error values construct the 
vectors of past errors f.L.f. (4) buildu(f) and X(f) 
according to Eqs. (0.5), (0.6) and (0.7); and (5) return 

as the predicted actual inventory levels and return X(f) as 
the covariance on this estimate. 

The first two steps can be done offline in a discrete 
calculation since they have no dependence on the time for 
which the prediction is being made. To accomplish the first 
step and determine the parameters of the Gaussian, there a 
number of approaches or models that can be used. A first 
model is based on frequency counts while a second and a 
third method use an autoregressive model of the multivariate 
time series {fi}. The second and third models differ in the 
underlying simplifications made, with the second model 
being more accurate but more complex. 

If there is sufficient historical inventory data, the simplest 
possible way to determine the parameters of the Gaussian is 
through unbiased frequency count estimates. From the his 
torical record it is relatively easily to build up the following 
estimates: 

a -al, and -2 (I-P'? - (0.8) 
H = i -1 + X1 

As additional inventory data is generated, these estimates 
are easily updated online. As such, the model is adaptive to 
and learns from changes in conditions. 

Because Subsequent plans are likely to be related to each 
other (e.g., the latter plan is probably a modification of the 
former plan) it is a reasonable assumption to model the time 
series {fi} as an autoregressive process of order p. 

p (0.9) 

= wet G + X.A. f.- 
i=l 

where the errors, e, are modeled as i.i.d. Zero-mean Gaus 
sian variables described by N(0,C). There are many soft 
ware packages which will efficiently estimate the parameters 
by maximizing the Gaussian likelihood (e.g., least squares) 
so the model uses the assumption that wC, and all A. are 
all available. Some packages will attempt to determine the 
best value of p using a Bayesian information criterion. 
However, a natural choice in the present setting is p-t. The 
proposed predictive algorithm makes use of a number of p. 

This probability can be determined as follows: 

Pff, 1.L.f., )-P(f/-1 Life) P(f-1, L, f, ) where 

1 p T 

p- |. - w - X. a's c. - w - X. will 
1 

V (2it) detC 
(eX 
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The model uses a simplification in order to tractably 
model P(f.L.f.), which can be written as -continued 

C.' -CA L -CA, 

|-(Af'C' - + (A "C"A L (AF)'C'A; 
O 

-(AE) C," -(AL) C.A. L X + (A) CAE 

X' can be inverted using the identity that if 

V. V. V. V. L. V. V. 
A V, V B+ V, V; L V, VI 

T. M O 

V, V, V, V; L B+ V, V, 
then 

A = 

The remaining probability P(f) is assumed to be Gaussian, 
therefore, P(f)-exp(-(f-u)"). (f-1)/21/(27t)"detX where u. 
and X can be estimated by simple frequency counts from the 30 
historical data: 

--ali and -2 (I-AU. A (0.10) 35 P = I and L = - 1st 

The joint probability is then 
40 

P. f. f-1, L, f-p) = 

1 

V (2it)(P+ a det) 

where 
50 

& T f = |f, f,- L. f. p. 

55 

and the parameters of the Gaussian are 

-l 
C.."we 60 

pyT-1 
u° =y X' u + (A)' C," we 

y'a + (A)'C'w, 
65 

and 

B. V. V. Bl L O 
O 

B. V. V. O L Bl 

In the present case take B-X, V =-C', and 
V-A, C-1/2 for ie2.L. p where C-12 is the Cholesky 
decomposition of C to find 

C+A) (A) + L+A2) (AE) A. L A). 
X = y(A)' X. L. O 

O 

X(AE) O L X. 

and, by multiplying, the mean is found to be: 

we + (A + L + A)pt + (AFCA) + L+A).(A)").C.'w 
& il 

il 

As noted above, P(f, L.f.) was simplified to the form 

Pf, ). 

This can be improved by writing 

Pf-1, L, f-p) = 

AR(p-1) AR(p-2) AR(1) 

As noted in the above equations, each conditional prob 
ability can be modeled as an autoregressive process of 
Successively smaller orders. The parameters of each process 
can be determined from the historical times series. For the 
final unconditional probability the model uses the same 
Gaussian assumption as before. Each conditional probability 
for the AR(p-i) process is written as 



US 7,222,786 B2 
17 

Pf-1 f-i-1, L, f-p) = 

T 
1 & . ; & . ; exp- it. - wi- X. Af i. cle, - wi- X. A. i. 

i=l i=l 

V (27) det C-: 

and the unconditional probability for f is the same as 
before having meanu and covariance X. Combining all these 
results shows that the joint density P(f.L.f.) is Gaussian 
with precision (inverse covariance) given by X' (whose 
rows and columns have been ordered according to f), which 
can be formed as X=V.V.'--L+V, V+VV, where 
Co=X and the (i+1)qxq matrices V are given by 

(O) Cp–2-92 X (QF) C-2-QEl 

and A is the qxpq matrix given by Al-A'AL A.I. 
Given this particular form for the precision matrix, its 
Cholesky decomposition can immediately be written down 
aS 

-C/2 O L O 

(AP) C/? -CF L () 
O 

-1 T - (At)Tcl/? (AE) Cl?? L -C/2 

In this form the inverse is easier to calculate. If an inverse 
of the form below is necessary: 

-(c.12) O L O 
T T (Cf.)" Q -(CE)'. L () 

O 
T T T (C) OE (C)'O: L -(C) 
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then the Q matrices must satisfy: 

min(p-i,i) T 

X. (AF.) OE for Os i+ is p and is i lo. 

where Ao-Q'E-I. The iterative solution satisfying the 
requirement is given by 

starting from OS = - i. 

Thus the covariance matrix, X, is equal to 

2 

(O.C. - of L (QE)'CoQ8 
k 

p 

(QE) c, -, O L (of ) Co. X. 
p 

T T 2 T 

(O) C-2-Qi L (Q.5) CoQ8 
k O 

(O3) Coof L 0 - 0 (Q3) CoQ8 

This matrix can be easily implemented in Software as 
executable instructions to provide the covariance. 

Having determined the covariance matrix, the mean is 
determined by completing the square: 

C.' O O L 0 w, 
C.A. C. O L 0 ||w 

pi* = |CAS C.A. C. L () ||w 2 
M O M M 

CA, CA; CAE; L Co.' I wo 

with X as above. Again this matrix and its square are easily 
implemented in Software as executable instructions. 

Although complex on paper, the algorithm is computa 
tionally very efficient. During the training phase the cova 
riance matrix and its mean can be estimated with a single 
pass through the data by recording frequency counts. If there 
are D data points then the complexity of accomplishing both 
tasks is of the order O(D(p+1)q((p+1)q+1)). Prediction is not 
much more complicated. The dominant factor is the com 
putation of X', which is of order O(N). Moreover, this 
matrix inverse can be stored and need not be recalculated 
with each prediction. 
To be used as an online algorithm, the above algorithm 

must be modified so that it can operate in an online mode in 
which all parameters of the algorithm (i.e., the mean and 
covariance) are continually updated as new data arrives so 
that it is adaptive. This is straightforward because updates to 
the mean and covariance are simple to implement in Soft 
ware. The algorithm also can be modified to discount data 
from the past by a factor Osws 1. This allows the algorithm 
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to learn from recent events and adapt to changing conditions. 
Thus, if the data f...f., f f, is available at time T, the 
estimate of the mean is 

fr+ Aff-1 + Aff 2+ L + Af (0.11) 
it. DF(.) 

and the estimate of the covariance at time T as 

(fr-p)(fr-pi) + Aff-1-p)(fr-1-p) + (0.12) 
L+A' (f - fa)(f-p) 

-1 + DT () St = 

where the denominator is given by D,0)=1 ++L+ =(1- 
')/(1-7). With these definitions the algorithm can be imple 

mented in Software to provide running estimates of the mean 
and covariance and update them as 

fr -- DT (). (0.13) 
HT = D.A." ( DAHT-1 

and (0.14) 

(fr-fi) fr-fi)' , , –1 + Dr- (A): \, = , fini-+ A-1, a 27 

The discount factor should be set to match the time scale 
for variation of the problem. If behavior is stationary then 
w=1 otherwise w should be set from the data. One quick and 
basic manner to accomplish this is to match Some charac 
teristic time of variation, T to the average discount time 
1/(1-2), i.e., w(T-1)/T. Another way to set w is by mini 
mizing the cross-validation error. 

Referring to FIG. 7, in one implementation 400 in a 
Supply chain management system, the IEWA uses a proba 
bilistic predictive algorithm embodied in executable instruc 
tions on one or more computer systems to estimate future 
inventory levels as follows: First, the IEWA takes any 
historical inventory data to calculate a Gaussian distribution 
with a mean and covariance and provide an inventory 
prediction at a set time in the future (step 405). The software 
can be further programmed to compare the prediction to a 
first company-specified low inventor threshold and to a 
second company-specified high inventory threshold (step 
410). The IEWA can be programmed to order additional 
stock for inventory if the predicted level is below the low 
inventory threshold (step 415) or cancel existing replenish 
ment orders if the threshold is above the high inventory 
threshold (step 420). The IEWA then records time dependent 
data related to inventory consumption and replenishment 
(step 425) so that it can calculate time dependent cumulative 
forecast consumption, cumulative forecast replenishment, 
cumulative actual consumption, and cumulative actual 
replenishment (step 430). This data can vary over time, 
seasonally, and for unknown reasons, such as recessions or 
other changes in economic conditions. The IEWA uses this 
new data with the historical data to update the Gaussian 
distribution, mean, and covariance and calculate a new 
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20 
predicted inventory level for the next time period (step 435). 
Over time, the data accumulated has the likelihood of 
improving the predicted inventory level within the supply 
chain management system as the amount of data increases in 
Volume. 
A number of embodiments of the invention have been 

described. Nevertheless, it will be understood that various 
modifications may be made without departing from the spirit 
and scope of the invention. Accordingly, other embodiments 
are within the scope of the following claims. 
What is claimed is: 
1. An inventory agent operating on Software comprising 

instructions operable to cause a programmable processor to: 
receive inventory data related to stock in an inventory, the 

inventory data comprising planned inventory data and 
actual inventory data; 

use the inventory data to calculate one or more correla 
tions in errors between the planned inventory data and 
the actual inventory data; 

use the one or more correlations to estimate a probability 
density for one or more errors; 

calculate a predicted inventory level; 
calculate an estimated error of the predicted inventory 

level using the probability density; and 
adjust the predicted inventory level with the estimated 

error to estimate an actual inventory level. 
2. The inventory agent of claim 1, further comprising 

instructions for defining confidence intervals around the 
actual inventory level. 

3. The inventory agent of claim 2, wherein the confidence 
intervals include a high bound and a low bound. 

4. The inventory agent of claim3, wherein the probability 
density is the midpoint of the confidence intervals. 

5. The inventory agent of claim 1, further comprising 
instructions to calculate an upside 10% confidence bound 
and a downside 10% confidence bound. 

6. The inventory agent of claim 5, further comprising 
instructions to use the upside 10% confidence bound and the 
downside 10% confidence bound in determining whether to 
order additional stock for the inventory. 

7. The inventory agent of claim 1, wherein the instructions 
to calculate the predicted inventory level further comprise 
instructions for processing the inventory data with a condi 
tional probabilistic predictive statistical algorithm. 

8. The inventory agent of claim 7, wherein the statistical 
algorithm uses a conditional probabilistic model to process 
the inventory data. 

9. The inventory agent of claim 1, further comprising 
instructions for using the actual inventory level to determine 
whether to order additional stock for the inventory. 

10. The inventory agent of claim 1, wherein the inventory 
data is generated using a radio-frequency identification 
device. 

11. The inventory agent of claim 1, wherein the inventory 
data is generated upon a sale of the stock in the inventory. 

12. The inventory agent of claim 1, wherein the inventory 
data is generated upon a transfer of the stock in the inven 
tory. 

13. The inventory agent of claim 8, wherein the condi 
tional probabilistic model uses a conditional Gaussian 
approximation. 

14. The inventory agent of claim 13, wherein the condi 
tional probabilistic model uses historical inventory data and 
current inventory data. 

15. The inventory agent of claim 7, wherein the inventory 
data applied to the conditional probabilistic predictive sta 
tistical algorithm includes actual cumulative replenishment, 
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forecast cumulative replenishment, actual cumulative con 
Sumption, and forecast cumulative consumption data. 

16. The inventory agent of claim 1, further comprising 
instructions operable to cause the inventory agent to order a 
replenishment of the inventory. 

17. The inventory agent of claim 1, further comprising 
instructions operable to record data related to inventory 
consumption and replenishment. 

18. The inventory agent of claim 17, further comprising 
instructions operable to use the recorded data to calculate 
cumulative forecast consumption, cumulative forecast 
replenishment, cumulative actual consumption, and cumu 
lative actual replenishment. 

19. The inventory agent of claim 17, further comprising 
instructions operable to use the recorded data to calculate a 
second planned inventory and a second actual inventory. 

20. The inventory agent of claim 19, further comprising 
instructions operable to use the inventory data to calculate 
one or more correlations in errors between the second 
planned inventory data and the second actual inventory data; 
and 

use the one or more correlations in errors to estimate a 
second probability density for one or more errors. 

21. The inventory agent of claim 20, further comprising 
instructions operable to: 

use the inventory data with the calculated cumulative 
forecast consumption, cumulative forecast replenish 
ment, cumulative actual consumption, and cumulative 
actual replenishment to calculate a second predicted 
inventory level; 

calculate a second predicted inventory level; 
calculate an estimated error of the second predicted 

inventory level using the second probability density; 
and 

adjust the second predicted inventory level with the 
estimated error of the second predicted inventory level 
to estimate a second actual inventory level. 

22. The inventory agent of claim 21, wherein the instruc 
tions to calculate the second predicted inventory level fur 
ther comprise processing the inventory data with a condi 
tional probabilistic predictive statistical algorithm. 

23. The inventory agent of claim 22, wherein the statis 
tical algorithm uses a conditional probabilistic model to 
process the data. 

24. The inventory agent of claim 1, wherein the inventory 
agent is implemented in a Supply chain management system. 

25. A system comprising one or more computer systems 
and an inventory agent computer coupled to the computer 
systems over a network, the inventory agent computer being 
operable to: 

receive inventory data related to stock in an inventory, the 
inventory data comprising planned inventory data and 
actual inventory data; 

use the inventory data to calculate one or more correla 
tions in errors between the planned inventory data and 
the actual inventory data; 

use the one or more correlations to estimate a probability 
density for one or more errors; 

calculate a predicted inventory level; 
calculate an estimated error of the predicted inventory 

level using the probability density; and 
adjust the predicted inventory level with the estimated 

error to estimate an actual inventory level. 
26. The system of claim 25, further comprising instruc 

tions for defining confidence intervals around the actual 
inventory level. 
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27. The system of claim 26, wherein the confidence 

intervals include a high bound and a low bound. 
28. The system of claim 27, wherein the probability 

density is the midpoint of the confidence intervals. 
29. The system of claim 25, further comprising instruc 

tions to calculate an upside 10% confidence bound and a 
downside 10% confidence bound. 

30. The system of claim 29, further comprising instruc 
tions to use the calculated upside 10% confidence bound and 
the downside 10% confidence bound in determining whether 
to order additional stock for the inventory. 

31. The system of claim 25, wherein the instructions to 
calculate the predicted inventory level further comprise 
instructions for processing the inventory data with a condi 
tional probabilistic predictive statistical algorithm. 

32. The system of claim 31, wherein the statistical algo 
rithm uses a conditional probabilistic model to process the 
data. 

33. The system of claim 25, further comprising instruc 
tions for using the actual inventory level to determine 
whether to order additional stock for the inventory. 

34. The system of claim 25, further comprising instruc 
tions for using the probability density to define confidence 
intervals around the actual inventory level. 

35. The system of claim 25, further comprising instruc 
tions to generate the inventory data upon receipt from a 
radio-frequency identification device. 

36. The system of claim 25, further comprising instruc 
tions to generate the inventory data upon a sale of the stock 
in the inventory. 

37. The system of claim 25, further comprising instruc 
tions to generate the inventory data upon a transfer of the 
stock in the inventory. 

38. The system of claim 31, wherein the conditional 
probabilistic model uses a conditional Gaussian approxima 
tion. 

39. The system of claim 38, further comprising instruc 
tions to use historical inventory data and current inventory 
data in the conditional probabilistic model. 

40. The system of claim 39, wherein the inventory data 
applied to the conditional probabilistic predictive statistical 
algorithm includes actual cumulative replenishment, fore 
cast cumulative replenishment, actual cumulative consump 
tion, and forecast cumulative consumption data. 

41. The system of claim 25, further comprising instruc 
tions operable to cause the inventory agent computer to 
order a replenishment of the inventory. 

42. The system of claim 25, further comprising instruc 
tions operable to record data related to inventory consump 
tion and replenishment. 

43. The system of claim 42, further comprising instruc 
tions operable to use the recorded data to calculate cumu 
lative forecast consumption, cumulative forecast replenish 
ment, cumulative actual consumption, and cumulative actual 
replenishment. 

44. The system of claim 42, further comprising instruc 
tions operable to use the recorded data to calculate a second 
planned inventory and a second actual inventory. 

45. The system of claim 44, further comprising instruc 
tions operable to use the inventory data to calculate one or 
more correlations in errors between the second planned 
inventory data and the second actual inventory data; and 

use the one or more correlations in errors to estimate a 
second probability density for one or more errors. 

46. The system of claim 45, further comprising instruc 
tions operable to: 
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use the inventory data with the calculated cumulative 
forecast consumption, cumulative forecast replenish 
ment, cumulative actual consumption, and cumulative 
actual replenishment to calculate a second predicted 
inventory level; 

calculate a second predicted inventory level; 
calculate an estimated error of the second predicted 

inventory level using the second probability density; 
and 

adjust the second predicted inventory level with the 
estimated error of the second predicted inventory level 
to estimate a second actual inventory level. 

24 
47. The system of claim 46, wherein the instructions to 

calculate the second predicted inventory level further com 
prise processing the inventory data with a conditional proba 
bilistic predictive statistical algorithm. 

48. The system of claim 47, wherein the statistical algo 
rithm uses a conditional probabilistic model to process the 
data. 

49. The system of claim 25, wherein the inventory agent 
computer is implemented in a Supply chain management 

10 system. 


